Abstract-The interplay between system, context, and human factors is important in perception of multimedia quality. However, studies on human factors are very limited in comparison to those for system and context factors. This article presents an attempt to explore the influence of personality and cultural traits on perception of multimedia quality. As a first step, a database consisting of 144 video sequences from 12 short movie excerpts has been assembled and rated by 114 participants from a cross-cultural population, thereby providing a useful ground-truth for this (as well as future) study. As a second step, three statistical models are compared: (i) a baseline model to only consider system factors; (ii) an extended model to include personality and culture; and (iii) an optimistic model in which each participant is modeled. As a third step, predictive models based on content, affect, system, and human factors are trained to generalize the statistical findings. As shown by statistical analysis, personality and cultural traits represent 9.3% of the variance attributable to human factors, and human factors overall predict an equal or higher proportion of variance compared to system factors. Moreover, the quality-enjoyment correlation varies across the excerpts. Predictive models trained by including human factors demonstrate about 3% and 9% improvement over models trained solely based on system factors for predicting perceived quality and enjoyment. As evidenced by this, human factors indeed are important in perceptual multimedia quality, but the results suggest further investigation of moderation effects and a broader range of human factors is necessary.
necessary and challenging. It is necessary for the simple reason that users have a multitude of multimedia-based contents and services to choose from. If their perceived quality is poor, users have a variety of competitor offerings to go for instead. Focusing on purely system factors alone, ignoring the user, also has the danger that redundancies beyond the ones currently incorporated in audio and video compression schemes will go unexploited. For instance, if one takes into account user task or context of use, perceptions of what constitutes good multimedia quality may be lower than what would usually be expected. In other words, current audio-video compression algorithms tend to over-estimate resources required to achieve good multimedia quality. This, in turn, may lead to inefficient resource utilization.
The challenge of adopting a user-perspective of multimedia quality is that, in incorporating subjective tests, it is a costly exercise in terms of effort and resources (not least human) needed. In the long run, however, the benefits of adopting a user perspective of multimedia will more than compensate for its associated cost, and there have been a growing awareness and research efforts devoted to perceptual multimedia quality over the past decade. Most of these fall under the umbrella of Quality of Experience (QoE) studies and explore user-centric issues pertaining to multimedia audio-visual quality assessment [27] , [41] , [72] , the influence of varying network conditions and transmission models on QoE [36] , [59] , [69] , mapping between QoE and Quality of Service (QoS) [13] , on emotional, sensorial, and cognitive responses associated with multimedia content [17] , [19] , [57] , as well, as more recently, of using crowd-sourcing for QoE [31] , [70] . However, with a few exceptions [16] , [75] , such research has largely neglected individual user traits. This is a critical omission because of the potential advantage of exploiting such traits through, for instance, providing personalized content and delivery. This is precisely the niche that is explored in this paper. Accordingly, recognizing that individual traits can be explored both at macro-cosmic (e.g., cultural influences) and micro-cosmic (e.g., personality type) levels, this article presents the results of a twin-center study run in Singapore and the United Kingdom which investigates the relationship between user perceived multimedia quality, personality, and cultural traits. Based on the results, several predictive models for user perceived quality and enjoyment are derived.
The structure of this paper is as follows: Section II presents related work, while Section III presents the data collection process, the methodology used to generate the predictive models is then detailed in Section IV, whilst the results of their application to our dataset is the subject of Section V. The implications of our work are discussed in Section VI, with conclusions being drawn and opportunities for future work identified in Section VII.
II. RELATED WORK

A. On Video Quality
The last few years have seen many studies on video quality and enjoyment evaluation. To enable the same, numerous video datasets have been created. To name a few -VQEG HDTV database [23] ; LIVE video database [63] ; IVC video databases [42] ; ReTRiEVED video database [55] ; video enjoyment database [43] , and aesthetic evaluation video database [51] . Human subjects evaluated the visual quality of videos in these datasets, by inspecting the videos derived from different distortion types (e.g., H.264 compression, packet loss and frame rate change). There were also works in the quality assessment domain, starting with building basic multimedia quality model [27] and others focusing on foveated and compressed images and video streams [41] , for low bit-rate videos [69] , [72] , multimedia transmitted over packet networks [59] , over UMTS networks [36] , for H.264/AVC coded videos [53] , on 3D videos [37] , for mobile videos [65] etc. There have also been works on crowdsourcing QoE [31] , [70] , subjective quality evaluation via paired comparison [39] , [40] . However, the role played by human factors was not thoroughly investigated, leaving a lot of scope to study their influence on multimedia quality. A similar approach is followed in aesthetic evaluation datasets to obtain the ground-truth for enjoyment (or appeal) on different videos. However, only four human factors (namely age, gender, vision and expertise levels) are reported. This leaves open an assumption that all participants have the same or similar perception to the visual quality of a video, irrespective of other human factors.
B. On Personality and Culture
The systematic differences in individuals' traits can be explored using personality, which is defined as a series of "internal properties" that relate to overt behaviors [47] . The Five Factor Model (FFM) [18] is one of the most used theories to examine the predictive utility of personality [1] [2] [3] . This consists of: openness to experience, conscientiousness, extroversion, agreeableness and neuroticism. These dimensions could map to perception of quality in many ways. For example, individuals with high neuroticism may be more sensitive to multimedia content that evokes negative emotions.
Apart from traits which vary across a wide range of individuals, there are also traits which are associated with the culture which the individual is from. The local environment in which one lives and grows also shape one's perception and cognition through shared conceptions and collective norms [30] . Hofstede's Six Factor Model (HM) [28] studies these cultural differences. The model includes six cultural traits: power distance; individualism; uncertainty avoidance index; masculinity; pragmatism; and indulgence. Again, each of these dimensions could interact with the perception of quality and enjoyment. For example, individuals with high indulgence may become more critical of due to extended usage.
C. Background
Previous educational and socio-cultural backgrounds are shown to play important roles in subjective ratings [19] , [60] . The influence of cultural experience has been shown in visual perception while viewing objects. For instance, in [54] , it was found that there exists perceptual and attentional differences between Asians and Westerners. In that study, Americans were reported to have more analytical visual perception (inclined to pay attention to details), while Asians were seen to have a more holistic visual perception (likely to be more sensitive to context). In [49] , a more detailed investigation on the cultural differences in cognitive processes can be found. The influence of culture on optical illusion, color perception, visual attention and brain functioning was studied in [20] . The correlation between culture and cognition was also studied in [4] , by analyzing the variation of word associations given by Japanese and American participants.
Factors which influence perception of quality and emotion were also studied previously (e.g., [13] , [17] , [57] and [14] , [45] respectively). In [11] , [25] , the influence of personality on media content preferences has been studied.
As such, previous experience, socio-cultural background, goals, and values influence one's understanding, interpretation and evaluation of. This may, consequently, influence what viewers consider to be of 'good' or 'bad' quality. Some works (for example [15] , [32] , [46] , [57] , [58] , [64] ) investigate the influence of above-mentioned human factors. But they are often based on subjective tests applied to samples. However, it is seldom the case that samples are deliberately drawn from cross-cultural contexts.
Recently, there have been works studies on the influence of personality factors and social context on perceived quality [68] , [74] . However, [74] involved 59 users and their ratings on 6 YouTube videos in three genres and [68] focused on investigating the use of a multi-modal remote control application in the context of IPTV. As stated previously, such studies tend to draw their samples just from only the local population.
Hence, it is meaningful to investigate the influences of individual and cultural variation with respect to the perceived quality and subsequent enjoyment video sequences, with a larger group of users from multiple demographic regions using a larger dataset, with various quality parameters. It is important to involve participants from many different countries (as detailed in Section III-B) in the subjective testing where culture and personality could potentially explain differences.
III. DATA COLLECTION
A. Sample Size
Minimum sample size was determined by power analysis, using G*Power 3. Using the conventional error probabilities (α = .05, 1 − β = 0.8) and assuming 'medium' effect sizes will be detected (f = 0.39) and that repeated measures will be correlated (r = 0.8), a minimum sample size of 64 was suggested. Due to the risk of error inflation associated with testing a large number of parameters, this was increased to 112. A sample size of 114 was obtained. Further descriptive statistics including personality and cultural traits across the two institutions involved are shown above in Table I . Responses from participants from both universities are segregated and the mean values of different traits in the individual cohorts are reported in columns 1 and 2. In columns 3 and 4, the mean values and standard deviations of different traits of the combined cohort (pool) are reported. As would be expected, the personality variables follow the normal distribution and are consistent across the institutions. However, differences can be observed with respect to the cultural variables. These include: individualism; masculinity; uncertainty avoidance; and indulgence. It is important to note, however, that the full range of possible values were not observed for: extroversion (87.5% of expected range); openness (75% of expected range); and masculinity (67% of expected range).
A non-probability sampling method was used to recruit the participants. This tends to have two key weaknesses: lack of prototypicality (i.e., does the sample represent the target population?); and range restriction (i.e., is there sufficient variance in variables of interest to detect a relationship?). However, the focus of this study is modeling, rather than demography. Thus, only the latter concern presents a potential threat to validity. With the exception of those variables for which a full range of responses were not observed, there is little evidence of range restriction for most of the key variables of interest in this study.
C. Video Dataset
The CP-QAE-I video dataset (available from http://1drv.ms/ 1M1bnwU) was validated in a previous study [26] , and the study presented in this article represents its first full-scale application. The video dataset contains sequences based on 12 excerpts from popular movies that were selected purposively to evoke different affects. Movie clips of different valence, and which had least variation in ratings on arousal [22] , [62] , were considered for this study to minimize any content-based biases (a list of the clips along with mean affect scores are seen in Table II) . Three parameters were also varied: bit-rate (384 and 768 kb/s); frame dimension (480 and 720 p); and frame rate (5, 15 and 25 fps). Thus, in the CP-QAE-I, there were 144 videos (resulting from the 3*2*2*12 conditions of varying frame-rate, frame dimension, bit-rate, and excerpt). Each video sequence has a length between 1 and 3 minutes. The estimated marginal means demonstrate sufficient distinction between the video sequences in terms of perceived quality and enjoyment as shown above in Table II .
D. Measures
Several measurement scales were used in the study to capture data from participants with respect to: perception of quality; enjoyment; culture; and personality. All were previously validated and defined for participants. The distribution of these scores for different stimuli is shown in Figs. 1-4.
1) Quality:
The QoP-LoQ scale [24] was used to measure subjective perception of quality. This is a single 5-point Likerttype rating item where participants indicate satisfaction with the quality of the video sequence. A high score indicates "absolute" satisfaction while a low score indicates "no" satisfaction.
2) Enjoyment: A subjective measure was deployed to measure enjoyment. This was a single 5-point Guttman-type rating item where participants indicate their level of enjoyment. A high score indicates "high" enjoyment, but a low score indicates "no" enjoyment.
3) Culture: Culture is collective, rather than individual, so when measured at the individual-level the traits associated with culture are what is being assessed. The VSM-2013 questionnaire [29] was used to measure these traits, following Hofestede's dimensions: power distance (PDI); individualism (IDV); uncertainty avoidance (UAI); masculinity (MAS); pragmatism (PRG); and indulgence (IVR). 
4) Personality:
The BFI-10 [21] questionnaire was used to measure personality. The questions required a Likerttype response based on the FFM [18] : openness (Ope); conscientiousness (Con); Extroversion (Ext); Agreeableness (Agr); Neuroticism (Neu). 
E. Procedure
A lab-based testing approach was adopted. Participants began by responding to the VSM-2013 [29] and the BFI-10 [21] questionnaires to report cultural and personality traits, respectively. Then each participant watched 14 video sequences: two training video sequences (one at the beginning and a reminder at the halfway point to show participants what should be considered 'high' quality); and 12 videos under assessment. Participants were randomly allocated quality parameters for each individual video sequence (except for the training videos). Because we were studying the effects of personality and culture, we wanted to maximise the ecological validity of participants viewing behaviour. Therefore, we did not control the audio volume, ambient light/noise. Screen size (23") and audio quality were consistent. Whilst there are separate standards for visual/audio/TV subjective evaluation, there are no accepted standards for subjective multimedia QoE. However, we have borrowed from the best practises [16] , [35] , [60] , [74] The participants were left free and without any time-limit to complete the experiment. Furthermore, the video sequences were hosted on a web server locally at each institution involved in the study to minimize latency.
Ethical considerations, including anonymity and informed consent, were assured throughout the study. Subsequently, while each participant was expected to rate all 12 video sequences, only 73.7% of participants actually rated all 12. The minimum number of videos rated was 3, however the average was 10.8 (σ = 2.56). In total, 1232 ratings were recorded, which corresponds to 90% of the maximum possible.
IV. DATA ANALYSIS METHODS
A. Statistical Analysis
PASW 18.0.3 was used to conduct the analyses. Due to the diversity of nationalities involved in the study, as well as the overlap between the nationality of participants each institution recruited, the geographic location of the institutions could not used as a proxy for culture. Hence, they are not compared. Instead, cultural variables were captured at the individual-level and regression models are used to examine key differences in terms of these variables. Mixed linear regression has been used to account for repeated measures. Parameters were estimated concurrently using the restricted maximum-likelihood method. Missing data was excluded pair-wise.
1) Baseline Model:
Only system factors are considered in the baseline model. As such, there were 12 variations of system factors which are considered within the context of the CP-QAE: frame-rate (three conditions); frame dimension (two conditions); and bit-rate (two conditions). Other important factors, such as file format and delivery protocol, were not varied as part of the experimental design. As interactions between the system factors is expected (e.g., minimizing bit-rate while maximizing other system factors would likely cause visual artifacts), these were modeled as factorial interactions. Furthermore, the movie excerpts are considered a parameter due to differences in cinematographic technologies and techniques.
2) Extended Model: The baseline model is then extended with several additional fixed parameters which are included as covariates. These are the personal and cultural traits considered in this study, including: extroversion; agreeableness; conscientiousness; neuroticism; openness; power distance; individualism; masculinity; uncertainty avoidance; pragmatism; and indulgence.
3) Optimistic Model: The goal of a model is to predict the value of a dependent variable accurately, however it is often the case that residual variance can arise for a variety of reasons beyond the accuracy of the model. Some of these are: random error; measurement error; and model technique limitations (in this case, the regression only considers linear relationships). As such, the residual variance cannot be attributed human factors which have not been included in the model. So, to provide an estimate of the proportion of residual variance which could be reasonably attributed to human factors (and, to some extent, context, due to the limits o experimental control), a third 'optimistic' model is presented. In this model, each participant is a "random effect" such that repeated measurements are used to vary the intercept of the regression for each individual participant.
B. Low System Parameters
A key area of interest for the impact of human factors are conditions where multimedia streaming resources are heavily constrained. For this reason, an analysis was conducted focusing solely on instances where videos with low system parameter settings received high scores for enjoyment and perceived quality. The following system parameter settings were defined as low: a frame dimension of 480 p, a frame rate of 5 fps, and a bit rate of 384 kbps. This filtered subset of the data (about 9.5% of the total ratings) was then investigated using t-tests, comparing those videos which received 'low' ratings (i.e., 1, 2, or 3) with those video sequences which received 'high' ratings (i.e., 4 or 5).
C. Further Predictive Modeling
Initial results suggested that perception of quality may also depend on video characteristics, with inconsistent correlations between perceived quality and enjoyment across different movie excerpts. Hence, a prediction framework which further extended the proposed models with input features related to video content were proposed. The prediction framework is based on the L-1 regularized L2-loss sparse support vector classification using linear kernel. This method was selected to overcome the problem of over-fitting. From each video, frames are extracted using ffmpeg. Image features are extracted from each frame and the average feature of all the frames is taken as the representation for each video.
1) Features: Four sets of features (namely content, system, affect and human) were incorporated to represent the different factors that contribute to perceptual quality and enjoyment, as follows:
Color histogram in RGB space is evaluated, as color is an important cue which influences users' perception, representing users' inclination towards different colors.
Aesthetic features: Two sets of aesthetic features are used: one proposed by [44] , which is used to characterise photographic styles (e.g., rule-of-thirds, vanishing points, etc.) based on art theory and psychological studies, and another proposed by [6] , which are psycho-visual statistics extracted from multiple levels, namely cell level, frame level and shot level. These are supposed to give an idea about users' aesthetic preferences.
LBP is used to encode visual texture perception information. Many of the videos include images of people and LBP features represent facial information well.
Bag-of-visual-words [71] : A vocabulary is generated by vector quantization of key-point descriptors, where every image is represented as a bag of visual words by mapping the keypoints to visual words, instead of encoding photographic rules explicitly.
HybridPlacesCNN is trained on 1.3 million images from the ImageNet challenge 2012 [38] and 2.5 million images on the Places dataset [73] on 205 scene categories. Caffe [33] was used to extract the features from the ReLu layer following fc7 layer.
Adjective-Noun Pairs (ANP) is an attribute representation based on emotion related concepts [8] . Classifiers are used to detect 2089 ANPs in each frame of the videos in our dataset. Adjectives are strongly related to one of the eight emotion categories, as put forward by Plutchik [56] , and nouns correspond to objects and scenes in the frames. Emotional connection with the media that the users form might influence their perception of quality and enjoyment.
Audio affect-factors: To represent the affective characteristics associated with audio, a range of features are extracted. These included: musical chroma features [52] , prosodic features [10] as well as low-level descriptors such as intensity, loudness, MFCC features, pitch, probability of voicing, pitch envelope, line spectral frequencies, and zero-crossing rate. OpenSmile [12] was used to extract these features from the audio signals of all videos.
System-factors:
To represent the quality characteristics, bitrate, frame-rate, frame dimension, and perceptual characteristics are used. These features describe the no-reference quality metric [48] , [61] for the videos in our dataset. The following features were extracted to represent the perceptual characteristics: spatial domain natural scene statistics, temporal distortions in the video, statistical DCT features reflecting the perceptual difference between pristine and distorted videos, and motion coherence feature describing the coherence in strength and direction of local motion due to temporal distortions. We chose to use existing features rather than designing new descriptors because our aim was to investigate the role of human factors in predicting perceived quality and enjoyment, rather than to improve existing descriptors. Thus, we used the code from [61] , which could predict no-reference video quality, to represent the temporal distortions in the video. For other features [48] , we employed the averaging technique Human-factors: To represent human factors, the five factors of personality, six dimensions of culture, gender, age, and nationality of the users are used.
2) Experimental Setting: After extracting the abovementioned features from the videos, the dataset is divided into 50%/50% training/test sets. The scores on perceptual quality and enjoyment are normalized based on z-scores and converted to binary categories of high and low. The parameters for L-1 normalized linear SVM are tuned based on a 5-fold cross validation setting at the classification task. Results are shown on the test set.
V. RESULTS
A. Statistical Analysis 1) Baseline Model:
An analysis of this model can be seen in Table III . It can be seen that all of the system factors and their interactions had a statistically significant effect on the perception of quality with the movie excerpt itself making a contribution. As expected, the movie excerpt itself had the largest impact on enjoyment. However, it is interesting to note that only a small number of the system factors had a statistically significant effect on enjoyment.
2) Extended Model: Table IV above show an analysis of the extended model. In addition, a more comprehensive overview of the parameters in the models can be found in Tables V and  VI . It can be seen that several of personal and cultural traits are statistically significant predictors. Of particular interest are those which influence both perception of quality and overall enjoyment. These were: masculinity and conscientiousness. The regression coefficients for these parameters show that they have positive and negative impacts on overall ratings, respectively. Individualism, pragmatism, and neuroticism had, respectively, negative, negative, and positive impact on perceived quality. However, openness, power distance, and uncertainty avoidance respectively had positive, negative, and negative impacts on enjoyment respectively. The magnitudes of the effect sizes are also comparable with some system factors.
3) Optimistic Model: An analysis of the optimistic models is shown in Table VII . There is only a small number of differences between the baseline and the optimistic model. As expected, the F-statistics for the intercepts are much larger, showing that they explain a larger proportion of the variance. Additionally, the borderline significant interaction between frame rate and frame dimension has become non-significant. The most notable difference, however, is a large increase in the variance explained as a result of including participants as random effects.
4) Model Comparison:
The models are compared using paired t-tests on the Mean Squared Residuals (MSR), shown in Tables VIII and IX , and the proportional reduction in overall mean squared error of prediction is examined (see [9] ).
Models for Perception of Quality In the baseline model, the MSR is 1.2636 (σ = 1.77). The optimistic model reduces the MSR to 0.9085 (σ = 1.63) (p < .000). This represents 24.2% of the overall variance predicted (compared to 37.9% overall). However, culture and personality only predict a small proportion of this variance. The extended model predicts approximately 9.3% of variance attributable to human factors, reducing the baseline MSR to 1.2311 (σ = 1.77) (p < .014).
Models for Enjoyment In the baseline model, the MSR is 1.3684 (σ = 1.63). The optimistic model reduces the MSR to 0.9481 (σ = 1.22) (p < .000). This represents 23.0% of the overall variance predicted (compared to 47.8% overall). However, again, culture and personality only predict a small proportion. The extended model predicts approximately 9.3% of variance attributable to human factors, reducing the baseline MSR to 1.3290 (σ = 1.58) (p < .001).
5) Quality and Enjoyment:
Descriptive statistics for each movie excerpt and parameter setting are presented alongside a correlation analysis between quality and enjoyment in Figs. 1-4 and Table X. These show how the parameters, the content, and level of enjoyment interact when human factors are not controlled. It can be seen that the overall correlation between quality and enjoyment is significant, however this is not consistent across all of the movie excepts. Additionally, the 'highest' quality parameters do not consistently perform well.
B. Low System Parameters
The left part of Fig. 5 shows ratings on enjoyment for different clips with low system parameter settings. For three clips (namely DEAD_POETS_SOCIETY_2, FOREST_GUMP and SE7EN_1), there were a higher (or equal) percentage of ratings saying that users enjoyed these clips (rating >3) than those who said that they didn't enjoy (rating <3). The right part of Fig. 5 shows ratings on perceived quality for different clips with low system parameter settings. As with ratings on enjoyment, a similar trend can be seen in perceived quality ratings for DEAD_POETS_SOCIETY_2, FOREST_GUMP and SE7EN_1. Additionally, THE_ PROFESSIONAL and SOMETHING_ABOUT_MARY also got higher percentage of high ratings on perceived quality.
To explain the above rating behavior, consider the example of FOREST_GUMP. This has a very unique sequence where the protagonist sees his son for the first time, intensely affecting the audience. Such affective responses are based on a strong interplay between both human factors and nature of the content, perhaps overpowering the influence of system parameter settings.
Analyzing those clips which received higher ratings despite having lower system parameters revealed that agreeableness had a borderline significant influence on ratings on enjoyment (p = 0.08) and a significant influence on perceived quality (p = 0.02). This finding aligns with work suggesting that agreeable people have higher tolerances [47] .
C. Predictive Models
The accuracy of the trained models at predicting perceived quality and enjoyment is shown in Table XI . Four different sets of factors (namely human, system, content and emotion) were considered and appropriate features were extracted to represent the same as described above.
For perceived quality, the model trained on emotion factors outperforms others. In [57] , web videos with particular emotions significantly varied the MOS scores that users gave on perceived quality. Similar observations were made in mobile videos [34] and also in studies where aesthetics were seen to be significant in predicting video quality [50] . Aesthetics factors were shown to contribute significantly in modeling emotions in previous works [44] .
Again, extending the system, content and emotion factors using the additional human factors revealed that combining human and system factors provides the best performance. However, they do not change the performance of the model trained on content factors. They in fact reduce the performance of the model trained on emotion factors. This could be due to the problem of dimensionality [66] . Note that this is the test set performance and not training/cross-validation set performance. A similar issue was seen in the models trained by taking three (and then all four) factors at once as input.
For enjoyment, the models trained on content and emotion factors show better performance than others. This was partially seen even in our statistical analysis where the content was significantly correlated with enjoyment. The significance of emotional factors was studied elsewhere [5] , [7] , [67] . When human factors are combined with other factors, the model trained on human and emotion factors outperform the others, giving the best performance in predicting enjoyment of videos.
These results show that factors other than perceptual characteristics (which are used in previous works on modeling QoE [74] , [75] ) should be considered to build a more comprehensive model.
VI. DISCUSSION
These results show that human factors play a key role in the way perception of quality and enjoyment are rated. The analysis of perceptual quality, in particular, indicated that a greater proportion of the variance can be predicted by human factors (24.3%) than by system factors (13.7%); however, all the system factors and most of their interactions have larger effect sizes than any individual human factor. This implies that perceived quality and enjoyment are determined by humans as much as they are determined by multimedia systems. This follows prior findings in the area [17] , but more importantly demonstrates that "lower" system factors may not automatically entail lower quality or enjoyment. As an example, the parameter setting {25 fps, 480 p, 384 k} was ranked 4th for perceived quality and 1st for enjoyment, despite having a low bit-rate. Indeed, performance varied across different movie excerpts and participants. As such, understanding these factors could be used to prioritize limited resources while maintaining acceptable quality.
The human factors explored in this study, namely personality and culture, represent a small portion of the variance which can be attributed to human factors. Collectively, both sets of variables represent 9.3% of the variance. While this is a non-trivial proportion, further study is needed to discover other contributing factors. In this regard, a key facet to consider is moderation. That is, where the magnitude (and sign) of a relationship (e.g., between perceived quality and enjoyment) depends on the value of a third variable (e.g., personality). A correlation analysis of the relationship between perceived quality and enjoyment shows considerable inconsistency in effect size across different movie excerpts. In particular, excerpts with objectionable content (i.e., graphic murders) were not significant, while excerpts with widely acceptable content (i.e., romance) had large correlations. Presumably, this is because people do not enjoy objectionable experiences and so quality is not an important factor in such cases. As viewers tend to object to different content, such interactions could be used as a basis for managing QoS parameters.
Due to the international nature of the research presented in this article, participants did not use the same laboratories and therefore did not use the same devices. As such, system and contextual factors such as dead pixels, lighting conditions, and differences in computer hardware could have confounded any effect that has otherwise been attributed to the participants themselves. Consequently, this may over-estimate the variance attributable to human factors and so the relative 9.3% contribution of personality and culture may be an under-estimation.
It should be noted that the indulgence trait did not predict either perceived quality or enjoyment. This is interesting because habituation and sensitization effects were anticipated. That is, those with high indulgence scores tend to concentrate on individual well being and leisure time. It follows, then, that they may seek to immerse themselves in multimedia content to a greater extent than those with lower indulgence scores. It is possible, however, that the indulgence may not correspond directly with multimedia use, specifically. Whether or not participants use multimedia services may, therefore, be an important factor to consider in future studies.
Prior research [68] suggests that agreeableness is a predictor for perceptual quality whereas extroversion is a predictor for enjoyment. Other studies suggest that there were no significant influence of personality in perceived quality [74] . Such differences could correspond to: stimuli-oreinted interaction effects (YouTube videos [74] , IPTV [68] versus affective movie excerpts); use of different measurement instruments (TIPI for personality in [74] versus BFI-10 in this study); variation in samples, sample sizes, and sampling method (single institution [68] , [74] versus several universities in different countries); analysis technique used (linear classifiers in [74] versus statistical modeling); and so on. To address such differences, building a comprehensive QoE model involving data from multiple datasets and also taking inspiration from existing computer vision works [76] , [77] to better understand their influence on perception of quality is encouraged.
VII. CONCLUSION
This study presents further evidence that multimedia perception of quality and enjoyment are influenced by an intricate interplay between system, context, and human factors. Further to this, the model proposed indicates that human factors play a critical role, with key findings as follows.
1) Approximately 13.7% of the variance in perceived quality is predicted by system factors while 24.3% is predicted by human factors. 2) Around 24.8% of the variance in enjoyment can predicted by system factors while 23.1% can be predicted by human factors. 3) About 9.3% of the variance attributable to human factors can be predicted by personality and cultural traits (for both perceived quality and enjoyment). 4) The traits of masculinity and conscientiousness are important predictors for both perceived quality and enjoyment. 5) Individualism, pragmatism, and neuroticism are important predictors for perceived quality.
6) Power distance, uncertainty avoidance, and openness are important predictors for enjoyment. 7) The quality-enjoyment correlation varies in magnitude across the movie excerpts. 8) Predictive model trained on a combination of human factors and system factors give best performance of predicting perceived quality. 9) Predictive model trained on a combination of human, content and emotion factors represent best performance of predicting enjoyment. Perceptual quality and enjoyment are as much human constructs as they are the result of objective technological differences. As such, analysis of these factors can help system designers to optimize perceived quality and enjoyment under conditions where content delivery is constrained. Based on the results of this study, a human-centered QoS algorithm could incorporate individualism, masculinity, pragmatism, neurotism, and conscientiousness as parameters, based upon their ability to predict perceived quality; and they may even account for individual preference for different content, based upon the inconsistent correlations between quality and enjoyment.
Further modeling of human factors is needed because the personality and cultural traits selected in this study only represented a small proportion of the variance. In addition, the following three limitations exist. Firstly, only the main linear effects of personality and culture were explored. It is possible that these traits interact with other factors and so more complex relationships may exist. Second, the scope of the study was limited to a small subset of human and system factors. Broader investigations of system, context, and human factors are needed. Third, those recruited in this study were university students. Although there is no evidence to suggest that students are different to the general population in terms of QoE, additional work is warranted to ensure the full range of each human factor is considered (see [26] , [34] ) and any potential confounds are identified.
